Introduction
Pharmacists and clinicians rely on compatibility curves for compounding pharmaceutical formulations safely to meet their patients' therapeutic needs. There are multiple stability risk factors associated with parenteral nutrition (PN) admixtures. [1] [2] [3] One hazard specifically associated with calcium-and inorganic phosphate-containing nutrition admixtures stems from the possible formation of calcium phosphate precipitates, which can lead to pulmonary emboli, respiratory distress, and even death. [4] [5] [6] [7] Currently, calcium and phosphate compatibility curves specific to each parenteral formulation are found in texts and/or software packages. 8 Since these compatibility curves are compiled from various original sources representing diverse methodologies and compatibility criteria, a uniform interpretation of each compatibility curve is not always appropriate. Understanding these variations in compatibility curves 495415P ENXXX10.1177/0148607113495415Journal of Parenteral and Enteral Nutrition / Vol. XX, No. X, Month XXXXGonyon et al research-article2013 From Baxter Healthcare, Round Lake, Illinois.
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Journal of Parenteral and Enteral Nutrition 38 (6) and driving toward a clear, harmonized interpretation will further reduce patient risk during formulating and compounding activities.
Compatibility curve data are generally built by varying calcium and phosphate test compositions within a specific parenteral formulation and monitoring for evidence of precipitation. Although many factors are known to influence precipitation (pH, amino acid, calcium salt, phosphate type, temperature, and mixing), [8] [9] [10] [11] [12] [13] the precipitation risk for individual test samples is evaluated using a pass-fail approach where compatible (pass) and incompatible (fail) zones are separated by a compatibility curve. Table 1 enumerates references and highlights the diversified approaches to generating calcium phosphate compatibility curves. These approaches differ in their choice of storage conditions (time and temperature), test methods, and the rule used to draw the compatibility line. This work will not dwell on the storage conditions but instead will focus on the choice of test method and the manner of deriving the compatibility curves. As shown in Table 1 , some researchers use the highest passing calcium concentration at each phosphate concentration, while others use the lowest failing calcium concentration at each phosphate concentration to generate their compatibility curves. These highest passing or lowest failing individual results are frequently connected by line segments to create the published compatibility curves. It is concerning that 2 separate compatibility curves can be generated for the same formulation data depending on the rules chosen. To add more complexity to this methodology, different precipitation assays are employed in making the pass-fail assignment. Visual inspection, 9 ,11,14 light obscuration particle-counting techniques, [15] [16] [17] and optical microscopy (membrane filters [18] [19] [20] or solutions [21] [22] [23] [24] [25] ) are the 3 most common particle detection assays. The use of multiple detection methods is often employed to provide a more complete picture of calcium and phosphate compatibility as well. [26] [27] [28] Overall, the variations in rules and assays lead to an ambiguity that causes difficulty in the comparison and clear interpretation of published compatibility curves.
The approaches described above ultimately are attempting to provide the data required to construct an admixture-specific calcium-phosphate compatibility diagram and to clearly define zones where the risk of spontaneous particle formation is minimal. These particle nucleation events are stochastic in nature, and therefore generating statistically meaningful compatibility curves is challenging due to the large sample sizes needed. In fact, none of the studies referenced above were powered to provide precipitation probabilities as a function of admixture composition. More often, single-point to triplicate measurements are made per test condition over a broad array of calcium and phosphate concentrations. The most stressful test condition where no appreciable precipitate is detected typically represents a single point on the proposed compatibility curve (highest passing formalism). However, the probability of precipitation occurring if formulated on or just below the line in a nominally "safe" region remains undefined in the current literature. Perhaps more problematic is the belief that there is a 0% chance of particle formation when formulating with just slightly lower calcium or phosphate concentrations relative to an established compatibility line.
This work describes the use of logistic regression applied to the pass-fail particle detection data to generate probabilistic compatibility curves. Although the logistic regression statistical tool is not new, its application to calcium-phosphate compatibility of PN formulations is unexplored. The added value to the analyses is the ease of defining the probability of failure (incompatibility) for each curve or each and every calcium and phosphate composition. As a case study, this work used a 5% amino acid/15% dextrose (5/15) code of Clinimix (Baxter, Deerfield, IL), which given the experimental design space was diluted by additives to a 4% amino acid/12% dextrose (4/12) formulation. In the comprehensive data set described below, the logistic regression curves are compared with the classically determined lowest failing and highest passing curves for the 3 most common methods for assessing precipitation (visual inspection, light obscuration, and filtration/microscopy). These resulting probabilistic compatibility curves may assist clinicians in the safe use of admixtures and could be incorporated into software tools designed to protect the patient.
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Materials and Methods
PN Solutions
The formulation considered for this work consisted of a premixed amino acid/dextrose PN solution (Clinimix 5/15 sulfitefree amino acid in dextrose solution, code 2B7709 or 2B7730; Baxter). This product is a sterile nonpyrogenic hypertonic solution in a flexible dual-chamber Clarity container (Baxter, Deerfield, IL) composed of a patented multilayer film 30 that contains a fluid-contacting layer of styrene-ethylene/butylenestyrene block copolymer. In this dual-chambered container, 1 chamber contains the amino acids and the other contains the dextrose, and after opening the seal between the chambers, the chambers are mixed thoroughly for use in the formulation below.
Formulation and Storage
All test and control articles were prepared in a laminar flow hood. Journal of Parenteral and Enteral Nutrition 38 (6) commercial solutions for injection. The samples were thoroughly mixed prior to addition of calcium gluconate (0.465 mEq/mL, code 3900-25; American Regent) and then thoroughly mixed once more. The addition of the electrolyte solutions diluted the amino acid concentration from an initial value of 5% to a range of values (4.1%-4.6%) depending on the exact electrolyte formulation. Formulas were prepared in 100 mL precleaned glass bottles with varying amounts of sterile water added to achieve a uniform final concentration of 4% amino acids and 12% dextrose in all containers, as seen in Table 2 . The cleanliness of the bottles was ensured by exhaustive rinsing with filtered distilled water followed by testing with the light obscuration method to confirm minimal background particle counts (0 particles/mL greater than 2 µm). All units were mixed by inverting the glass bottles 5 times prior to placing them in the environmentally controlled storage chambers. Test articles were first stored at 25 ± 2°C for 24 hours, followed by a transfer to a second chamber set at 40 ± 2°C for 24 hours of storage. The above conditions were intended to stress the test articles beyond both USP <797> 31 (30 hours at 20-25°C) and the specified current product insert instructions 32 of using promptly after mixing and any storage with additives refrigerated and limited to a brief period, less than 24 hours. After removal from the sample storage chamber and allowing them to reach ambient conditions, all samples were inverted prior to testing. Figure 1 shows the experimental design for this study with several different phosphate concentrations tested at several different calcium concentrations. In an effort to fully map the compatibility space, this design intentionally includes formulations too extreme for clinical applications. Some formulations are expected to precipitate calcium phosphate, whereas others are not. The entire range of the formulation space was prepared and tested, with calcium = (0, 4.7, 11.6, 18.6, 27.9, 37.2, and 46.5 mEq/L) and phosphates = (6, 12, 18, 24, 30 , and 36 mmol/L). The formulation with 0 mEq/L of calcium and 18 mmol/L of phosphates functioned as the control sample, since it was not expected to precipitate calcium salts. Although the total phosphorous concentration was known from the addition of phosphates, the exact ratio of the different phosphate species was not measured, and although the pH of the experiments dictated that the ions were predominantly the mono and divalent phosphate ions, for simplicity, we will hereafter refer to phosphates and use the sym- The quantity of precipitate in these cases was not quantified, but from experience, these samples would have formed a thick cake of precipitate had they been filtered for microscopy, or they may have plugged the light obscuration counter. In the second and third experiments, an additional phosphate series at [P] = 9 mmol/L was added, and those formulations that generated excessive precipitation from the first experiment were not prepared in future experiments.
Using the results from the experiments with the 100-mL glass bottles, a series of formulations were created to systematically probe the breadth of the compatibility zone. These test formulations were prepared in activated 1-L dual-chambered containers to demonstrate the utility of the logistic regression Figure 1 . Compatibility curves are generated from triplicate microscopic measurements labeled as all pass (+), all fail (×), or at least 1 pass and 1 fail ( * ). Connecting the highest calcium that passed at a given phosphate creates the highest pass curve (dotted line), and connecting the lowest calcium that failed creates the lowest fail curve (solid line).
contours for predicting the more clinically realistic containers.
As with the 100-mL bottles, all 1-L test and control articles were prepared in a laminar flow hood and the order of addition was the same as previously with sterile water added to achieve a constant concentration of amino acids and dextrose in each container. The 1-L test and control articles were first stored at 25 ± 2°C for 24 hours followed by a transfer to a second chamber set at 40 ± 2°C for 24 hours' storage prior to performing the identical tests completed on the 100-mL containers.
Visual Inspection
The visual inspection of the test solutions was completed by trained and prequalified analysts performing an untimed inspection of the entire test solutions for the presence or absence of visible particulates. The inspections were performed in a visual inspection booth incorporating both black and white backgrounds with overhead fluorescent lighting providing a minimum illumination of 500 foot-candles within the light box. 33 A positive visual result for precipitation was defined as the visual observation of any crystals, haziness, or cloudiness within the sample. In the event that the result was positive with a large amount of precipitate, no further particle testing was performed on that specific unit, and the microscopic and light obscuration tests were assumed to exceed the acceptance criteria for each test. For visually positive results where only a few crystals were observed or for samples with no visual crystals but where the haziness or cloudiness detected was barely perceptible, further particle testing with microscopic analysis and light obscuration particle counting was performed.
Microscopic Analysis
A 50-mL aliquot from each unit that passed the visual test or had only a few crystals was filtered through a 0.8-µm retention-rated cellulose ester filter membrane as described in USP <788> 34 and USP <1788>. 35 The isolated particulate matter present on the test membranes was counted or characterized with a light microscope with lighting prescribed by USP <788>. However, only particulate matter that appeared crystalline was counted with a light microscope against the following limits: not more than (NMT) 6 particles/mL ≥10 µm and NMT 1 particle/mL ≥25 µm. These more stringent and somewhat arbitrary limits represent 50% of the USP limits for large volume injectable (LVI), which would normally correspond to NMT 12 particles/mL ≥10 µm and NMT 3 particles/mL ≥25 µm. This reduction is an effort to recognize that the USP <788> limits are intended for heterogeneous, randomly sourced extraneous particulate matter rather than the calcium phosphate crystals expected to be formed in this study.
Light Obscuration Analysis
Particle size analysis and distribution of each formulation were determined using an AccuSizer Model 780 (Particle Sizing Systems, Santa Barbara, CA) counter equipped with a syringe injection sampler using an LE 400 sensor in extinction mode previously calibrated with 2, 5, 10, 15, and 25 µm of NIST traceable polystyrene latex spheres. Four sequential 4-mL aliquots from each test solution that passed the visual test or had only a few crystals present were evaluated with the AccuSizer particle counter determining the cumulative particle counts per milliliter greater than or equal to the following sizes: 1.5, 2.0, 5.0, 10.0, and 25.0 µm. The results from the first 4-mL aliquot test from each sample were excluded from the average of the last 3 aliquots. The criterion for passing the light obscuration particle counts test was NMT 25 particles/mL cumulative counts for particles >10 µm, the same as the USP <788> light obscuration limits.
pH Determination
The
Logistic Regression Analysis
For the logistic regression analysis, each calcium and phosphate pairing was assigned a zero for a pass and a value of 1 for a failure according to each test method criterion. Logistic regression was used to fit the data from the 100-mL glass bottle experiments with a standard interaction model. The standard interaction model is as follows: ln(p/ (1 -p) 36 was used to assess how well the 100-mL data were estimated by the logistic regression fits. To confirm the predictive value of the logistic regression, 10 calcium-phosphate pairs were run in triplicate for each test method using the 1-L dual-chambered containers. A χ 2 goodness-of-fit test was also used to assess how well the 100-mL-based logistic regression fits predict the 1-L plastic container probability of failure. Figure 1 shows the experimental design space of the formulations and the results from the microscopic inspection of the formulation. The data corresponding to the figures can be found tabulated in the supplementary material. In all figures, the (×) symbols represent concentrations of calcium and phosphate where the formulation always exceeded (failed) the acceptance limit for that assay (microscopic, light obscuration,
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Journal of Parenteral and Enteral Nutrition 38 (6) or visual), and the (+) symbols represent those concentrations where the formulation always passed the assay. The ( * ) symbols represent where there was at least 1 pass and 1 fail at the experimental condition probed. Figure 1 also shows the 2 most common methods for generating the lines that separate the compatible and incompatible zones. One method, termed here highest pass and based on the literature referenced in Table 1 , simply connects the highest passing calcium concentrations (highest "+" data point) at a given phosphate level using straight-line segments to "connect" the individual data points. Alternatively, the lowest fail method connects data points at the minimum calcium concentrations showing at least 1 failing data point at a fixed phosphate concentration. Simple regression analysis or other fitting functions may also be considered for generating compatibility curves based on goodness of fit, physical relevance, or a combination of both. Although the quality of the connect-the-dots approach and/or any fitting function will improve with an increasing number of replicates, the analysis will still be based on the data points represented by the highest passing or the lowest failing experimental conditions. Figure 2 shows probability contours generated from the same data set shown in Figure 1 but using logistic regression analysis. As with any curve fitting, the choice of functional form is an important part of logistic regression. The standard interaction model was chosen because (1) it is a simple and direct model, and (2) the functional form allows for an inverse functional relationship between phosphate and calcium observed in the data. The logistic regression analysis uses all data points in generating the fitting coefficients, found in Table  3 . These fitting coefficients are then used to generate the probability contours in Figure 2 , which show the likelihood of exceeding the acceptance criteria for the microscopic test at various calcium and phosphate values. For example, a formulation prepared with calcium and phosphate values directly on the 50% line would have a 50% chance of exceeding the acceptance criteria and failing the microscopic test. Figure 3 compares the 1-L data with the logistic regression predictive curves from Figure 2 . The data that generated the regression curves have been removed so that the results from the 1-L dual-chambered container could be more easily visualized. The data from the 1-L samples are labeled 1-10 and correspond to the compositions listed in Table 4 . Examination of Figures 2 and 3 shows that above the 95% probability of failure contour, there are no passing results for either the 100-mL or the 1-L containers. Near the 50% probability of failure contour, there are a roughly equal number of passes and failures whether considering the 100-mL or the 1-L containers. Finally, there was only 1 failure out of the ~50 measurements below the 5% probability of failure contour curve. Therefore, at a qualitative level, the microscopic results from the 1-L containers appear quite consistent with the results generated from the 100-mL containers.
The data from the light obscuration test method were analyzed in the same manner and generated logistic regression fitting constants, shown in Table 3 , which in turn led to the probability of failure contours shown in Figure 4 . As with the microscopic results in Figure 3 , the light obscuration results in Figure 4 from the 1-L containers are comparable to the results from the 100-mL containers. However, unlike the microscopic assay, the light obscuration results contain more variability, as seen in the supplementary material, which effectively increases the width of the logistic regression transition region. This increased width can be directly perceived by comparing the Figure 2 . Compatibility curves generated from logistic regression. The contour curves correspond to specified probabilities of failing the microscopic assay (0.5%, 5%, 50%, 95%, and 99.5%). size of the zone contained between adjacent contour lines such as 5% and 50% contours. The difference between 0.5% and 5% contours is also easy to distinguish when comparing Figures 3  and 4 . Finally, Figure 5 shows the probability contours for the visual inspection assay, which were generated in an identical manner as the microscopic and light obscuration methods above. The visual assay seems to have the largest amount of variation, leading to even larger zones between neighboring contours.
In an effort to assess how well these logistic regression results fit the 100-mL data, the fitting results were tested with the HL χ 2 goodness-of-fit test. The output of this test is included along with the fitting constants in Table 3 . Because the null hypothesis for this test was that the model fits the data well, a high P value suggests a good fit. Using the logistic regression fitting constants derived from the 100-mL data, it is possible to compute the probability for failure for calcium and phosphate values in the 10 different 1-L formulations. Table 4 provides a comparison of the 100-mL predicted probability of failure with the observed probability of failure for the 1-L containers, along with the χ 2 test statistic, degrees of freedom, and P value for each test method. Similarly, in this case, a high P value suggests a good agreement between the data sets, and therefore the P values indicate that the current 100-mL-based logistic regression models predicted the 1-L data well for each of the 3 test methods. Because the 1-L data were performed in triplicate, the probabilities of failure are quantized as 0%, 33%, 67%, and 100%, and given the coarse nature of these bins, it is not surprising that the predicted and the observed numeric values are not identical. Figure 1 represents the commonplace practice in the literature of simply connecting the highest pass (dotted lines) or the lowest fail (solid lines) and equating these "curves" to the compatibility curve. Frequently, the number of replicates that were performed is not disclosed in the literature, but equally problematic is that it is contingent on the practitioners to track down these differences in assignment of "lowest fail" or "highest pass" from the original publications. Thus, the practitioner may interpret all compatibility curves with the same confidence and meaning when differences may exist. For example in this work, the lowest fail method of determining calciumphosphate compatibility in Figure 1 is quite comparable to the 50% pass-fail probability contour of Figure 2 , in which both Figure 3 . The 1-L compatibility data (microscopic assay) were mapped against the probability contours (microscopic assay) from the 100-mL glass bottle. The 1-L container data, measured in triplicate, are labeled 1-10 (Table 4) , indicating pass (+), fail (×), or mixed results ( * ). 1  34  3  0  0  1  0  1  0  2  24  5  0  0  2  0  3  0  3  33  8  0  0  27  0  15  33  4  22  9  1  0  10  0  11  0  5  15  10  2  0  4  0  7  0  6  15  15  47  33  15  33  15  100  7  21  20  100  100  89  33  73  100  8  10  23  57  33  12  0  8  0  9  6  28  2  0  3  0  1  0  10  14  35  100  100  95  67  66  100 The current model fits the data well.
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Journal of Parenteral and Enteral Nutrition 38 (6) were based on an identical microscopic data set. A formulation prepared with calcium and phosphate concentrations directly on the 50% line would have a 50:50 chance of exceeding the acceptance criteria for the microscopic test. Although this may be an unexpected result, the example illustrates the value of more standardized acquisition, analyses, and presentation of compatibility data. Due to differing operating principles and limits of detection, it is not surprising that the different assays can generate unique compatibility curves. The visual inspection assay is by definition insensitive to subvisible particles that would precede the larger, visible precipitates via nucleation and growth mechanisms of particle formation. Although light obscuration can be used to detect subvisible particles, the method does not unambiguously discriminate between environmental and precipitation sourced particulate. In addition, the visual and light obscuration methods cannot be applied to opaque solutions such as concentrated emulsions. These methods would require substantial dilution to render the emulsion transparent, and such a dilution may reduce the precipitate counts below detection.
Based on the data collected here, the 50% contour shifts to the right (higher phosphate concentrations) as the method is changed from microscopic to light obscuration and then to visual. As an example, the formulation with 9 mmol/L phosphate and 37 mEq/L calcium has ~99% probability for failing the microscopic assay while also having ~50% probability of failing the light obscuration assay and only ~5% probability for failing the visual inspection assay. Thus, the microscopic assay has the highest sensitivity to particle formation, and in this context, it is the most conservative approach in building compatibility curves.
In addition, the logistic regression fits shown in Figures 3-5 highlight the apparent band or range of probability from the 0.5%-99.5% probability of failing the assay, the assay failure zone. The width of this zone allows one to assess the sensitivity of the formulation to failing the specific assay as a function of the formulation variables. For the formulations measured in this study, as the calcium and phosphate concentrations are varied, the visible assay failure zone is very broad, the light obscuration zone is tighter, and the microscopic assay has the narrowest zone. Overall, this is attributed to the fact that, for this specific set of experiments, the data from the microscopic method have the least variation in pass-fail data for a given solution condition. From this point of view, although more labor intensive, the microscopic assay produced better results when compared with the light obscuration-based single-particle optical sensing and visual assays.
Although small glass containers are convenient for compatibility analysis primarily due to scale, accessibility, and ease of use, they do not reflect the container types or volume scales encountered in clinical applications. As an important final step in assessing risk, compatibility curves generated with model systems were compared with data from more clinically relevant containers. Inspection of Figures 3-5 shows that the 100-mL glass bottle-generated probability contours seem to be in good agreement with sample data from the 1-L containers. Table 4 further illustrates this agreement by comparing the predicted probability (from 100-mL glass containers) with the observed probability based on triplicate measures of the 1-L samples. For data point 7 (21 mmol/L phosphate, 20 mEq/L calcium), the visual inspection showed a failure probability of 100%, where it was predicted to be only 15%, and thus represents a significant deviation. The microscopic assay seemed the most reliable evidenced by matched probabilities at (1) the 100% failure predictions, (2) 0% failures, and (3) intermediate probabilities for data points 6 and 8. In the limited context of Figure 4 . The 1-L compatibility data (light obscuration assay) were mapped against the probability contours (light obscuration assay) from the 100-mL glass bottle. The 1-L container data, measured in triplicate, are labeled 1-10 (Table 4) , indicating pass (+), fail (×), or mixed results ( * ). Figure 5 . The 1-L compatibility data (visual inspection assay) were mapped against the probability contours (visual inspection assay) from the 100-mL glass bottle. The 1-L container data, measured in triplicate, are labeled 1-10 (Table 4) , indicating pass (+), fail (×), or mixed results ( * ).
this example and for the microscopic assay, switching container types and solution volumes appears to have no significant impact on calcium and phosphate compatibility. The P values in Table 4 indicate that the current 100-mL-based logistic regression models fit the 1-L data well for each assay. Researchers interested in extending the relevance of the compatibility curves for a given parenteral formulation could increase the variables from calcium and phosphate to include other variables such as shipping, storage, and reformulation conditions with a smaller design of experiments, as was implemented for container type here.
There are a few additional technical details to consider when evaluating the logistic regression-based probability data. The first is the choice of the function used with the logistic regression. In this work, a standard interaction model was chosen, in which the [Ca], [P] , and an interaction product, [Ca] [P], were treated as separate variables. More complicated cubic models, which included higher order terms such as [Ca] [P] 2 , were also examined using stepwise algorithms. In this case, the more complex models did not produce better fits to the data, based on the HL χ 2 goodness-of-fit test. The specific functional form of the standard interaction model places certain restrictions on the functional form of the probability contours. For example, it is not possible for this basic interaction model to generate a peak in the contour plots; however, a detailed explanation of the nuances related to the exact functional forms and their impact on the results is outside the scope of this article. The output from logistic regression analysis of the data is not always in the functional form familiar to users, as illustrated in Figure 5 for the 0.5% probability contour for the visual inspection test method. Although implementation of the logistic regression-based probability contours will require an increased level of sophistication, it is expected to lead to higher quality of information.
The choice of experimental design remains critical to efficient generation of quality compatibility information. This work used a grid-based experimental design, which was acceptable for this study; however, moving forward, perhaps there are better designs. There is limited value in testing numerous formulations that are deep in the 0% or 100% probability of failing zones. Therefore, a coarse grid design could be used to gain insight into a formulation zone where there are intermediate probabilities of failure, and then a systematic formulation design could be targeted throughout and around this zone. Although replicates are always valuable, in a resource-limited experimental design, the use of logistic regression in this way would de-emphasize the need for replicate measurements at identical formulations to establish "highest passing" criteria. Incrementally unique formulations are easily incorporated in analytical treatments to provide a finer resolution between contours produced by logistic regression. Minimizing gaps in the key formulation space will enable the full utility of logistic regression. This experimental approach can be further streamlined with the use of modern automated electron microscopy systems that are capable of automatically measuring and identifying (elementally) thousands of particles per filter membrane in the range of minutes to hours. This could enable rapid screening of formulation space for precipitation-based incompatibilities.
Although this article focused on precipitation-based compatibility, some of the ideas can be readily extended to other incompatibilities and even drug interactions. Given the binary output (pass or fail) with regard to USP methods, logistic regression seems appropriate for determining the fitting, and while the detailed functional form may be varied to obtain the best fit to the data, the resulting probability of failure contours should be more useful to pharmacists. In general, the compounding space can always be divided into "compatible" and "incompatible" zones. By selecting an assay with appropriate acceptance criteria and by making measurements at key points in this formulation space, logistic regression analysis can be used to generate the probability for the formulation failing the predefined acceptance criteria.
This work used a premixed formula as the case study for generating the probabilistic compatibility information. Although many pharmacies make use of concentrated amino acid formulations that are compounded on demand, the premixed formulas are limited to lower total concentrations. These premixed formulations (eg, Clinimix 5/15) are intended for central vein infusion and may not be appropriate for all applications. When augmented with lipids, these formulations supply the needed amounts of protein, fat, energy, and water for most mildly to moderately ill patients. Similarly, the electrolyte conditions were chosen not as the typical or standard values but instead to reflect extreme electrolyte levels, which, although potentially outside safety limits, are sometimes administered to patients who may require higher amounts of electrolytes due to excessive losses or increased metabolic demands.
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Conclusion
Experimental design and statistical analysis using logistic regression have been used to generate improved calcium-phosphate compatibility curves that include probability contours. Probability contours for a PN formulation were generated using a matrix of calcium-and phosphate-containing solutions. The probability contours generated for 100-mL test solutions in glass showed that at lower phosphate concentrations, the microscopic test method generated the most robust and conservative compatibility curves. The light obscuration method was less conservative, and the visual method of particle detection was the least conservative of the 3 assays with the largest zones between selected contour lines. The results demonstrate that the uncertainties associated with a single compatibility curve for each formulation can be replaced by contour plots indicating the probability of failure/incompatibility. The application of logistic regression analysis offers superior information quality when compared with either the connect-the-dots approach or the linear regression of highest passing or lowest failing formulations. The probabilistic contours define the calcium and phosphate region of compatibility in a quantitative manner that is potentially more readily accessible, understandable, and accurate. We recommend the retrospective evaluation of compatibility data with logistic regression analysis and that future compatibility curves plan for logistic regression analysis in experimental designs to help build more comprehensive probabilistic databases. This will enable a shift in the communication of calcium phosphate precipitation information away from single curves with no probability information to a probability-based assessment of each proposed formulation. With time, infrastructure development, and training, this higher quality probabilistic information would be integrated into software for use in a clinical environment while remaining backward compatible for products where probabilistic data do not exist. Presently, based on the available data contained here, we propose using the 5% microscopic curve (5% chance of exceeding the microscopic criteria) as the most appropriate probability-based compatibility curve to be applied for patients.
